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Introduction
Water vapor content is an important tropospheric greenhouse gas, which is very important in the study of energy balance and global climate change [1, 2] . The near-infrared (IR) at around 1 m  is very sensitive to water vapor content [3] . Kaufman and Gao and Sobrino et al. [2, 4, 5] used ratios of water vapor absorbing channels at 0.905, 0.936, and 0.94 m  with atmospheric window channels at 0.865 and 1.24 m  to estimate the water vapor content from the MODIS data on the Earth Observing System (EOS) [6] . The ratios partially eliminate the effects of the variations of surface reflectance with wavelengths and give approximate atmospheric water vapor transmittances. This method is influenced by the spectral reflectance of the ground surface and mixed pixels. The overall water vapor error estimated by using the ratio method is about ± 13% [2, 7] , which demonstrates the need for further improvement for estimation accuracy of water vapor content in many applications such as atmospheric correction in visible spectral remote sensing and land surface temperature retrieval in thermal remote sensing [8, 9] . In Section 2 of this paper we will present why and how to improve estimation accuracy by using a combined radiative transfer model (RM) neural network (NN) algorithm to estimate water vapor content from MODIS1B data. In Section 3 the comparison and evaluation will be made between the estimation results by RM-NN and MODIS water vapor content products and in situ measurement data. Finally, conclusions are given in Section 4.
Utilizing RM-NN to estimate water vapor content from MODIS data
The derivation of the algorithm for water vapor content estimation is based on the radiance of the sun, which is reflected from the ground through the atmosphere to a remote sensor. The sun's radiance is attenuated by the atmosphere on its way to the remote sensor. Transmittance depicts the magnitude of the attenuation of the radiance transfer through the atmosphere. It varies with the wavelength and viewing angle. After some simplification, the radiance transfer equation can be depicted as [7] sensor sun path
where  is the wavelength and sensor () 
In Eq. (2) 
The relationship between transmittance [ ()  ] and water vapor content can be simulated by using MODTRAN4 (see Fig. 1 The ratio method assumes that reflectance varies almost linearly with the wavelength for different surface types between two channels around the water absorption channel. The ratio 
where i L are radiances obtained by simulation for MODIS bands 2, 5, 17, 18, and 19 with MODTRAN using five standard atmospheres and 49 types of surfaces in Table 1 . Figures 2(a)-2(e) show the relationship between the radiance ratios and the total atmospheric water vapor amount in different regions (tropical, mid-latitude, and sub-arctic) and seasons (summer and winter). The scatter-point relationships are columnar, which is not as good as the results reported in [2, 5] because Kaufman and Gao [2] used 24 surface types and Sobrino et al. [5] just used 10 surface types. The sensitivity of the radiance ratios for water vapor content is different because the atmosphere profile is different for different regions and seasons, which can be indicated by Figs. 2 and 3. Figure 3 is the combination of radiance ratios and atmospheric water vapor amounts in different regions and seasons from Figs. 2(a)-2(e), which indicates that the estimation accuracy becomes worse if one inverts the equation used for all conditions (different regions and different seasons). Obviously, the accuracy will be well improved if a different inverse equation can be used by using additional MODIS bands to infer the different surface types [7] in different seasons and different regions. 
Estimation analysis from MODIS data by RM-NN
The NN is much different from a conventional algorithm requiring that the inversion algorithm be known exactly. For geophysical parameters estimation from remote sensing data, this may be quite difficult due to the many nonlinear and poorly understood factors involved (like mixed pixels). Many studies have proved the inherent capabilities of the NN to perform classification, function approximation, optimization computation, and self-learning. The complicated relationships between geophysical parameters determine that the NN is one of the best ways to solve the complex inverse problem [12] [13] [14] [15] . In this study, we utilize the RM (MODTRAN4) and NN to estimate water vapor content from MODIS data.
In contrast to conventional methods, the NN does not require that the relationship between the input parameters and the output parameters be known, which determines the relationship between the inputs to the network and the outputs from the networks directly from the training data [8] . The implementation of the RM-NN algorithm is very simple and can be broken into four basic steps.
(1) Simulating the training and testing data by MODTRAN4, or obtaining the reliable field measurement data, including the high accuracy of water vapor content product in reliable research region. We use MODTRAN4 to simulate the radiance transfer of MODIS bands 2, 5, 17, 18, and 19 as the training and testing data, which can be viewed as reference data from a known ground truth. The relationship of reflectance between MODIS bands 2, 5, 17, 18, and 19 can be kept well through RM (MODTRAN4) simulation, which is very difficult to keep in field measurement. We divide randomly the simulation data into two parts. The training data are 9760 sets and the testing data are 2934 sets, and then we use a dynamic learning (DL) NN [12] to estimate the water vapor content. First we use training data to train the NN, and then we use test data to verify the NN. After trial and error, part of the test data set information can be seen in Table 2 . Table 2 , the accuracy is the highest when the number of hidden layers is two and the number of hidden nodes is 800-800, which is mainly determined by the number of surface types and the different atmosphere profiles in different seasons and regions. We make a comparison between the retrieval water vapor content ( ri W ) and the truth water vapor content ( ti W ) for the test data. Seen in Fig. 4 , the estimation result is very good and the error is very small. The average error 
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Comparison with MODIS water vapor content product and validation
In order to give an application example, we select the MODIS/TERRA image of Shandong Peninsula, China on 08/22/2007 as the research region, and Fig. 6 is the image combined by MODIS bands 3, 2, and 1. Figure 7 is a MYD05_L2 product, which provides per-pixel water vapor content values. We use this DL NN, which has been focused above to estimate the water vapor content from MODIS1B data. which are shown in Fig. 9 . When the water vapor content is below 0.7 2 gcm  , the ratio method is not suitable for retrieving water vapor content because the estimation equation [2, 5] can get a zero value, which is impossible in reality, so the estimation error becomes larger when the value of water vapor content is little. When the water vapor content is over 3.5 2 gcm  , the ratio method is not sensitive enough for water vapor content, which is shown in Figs. 2 and 3 , so the estimation error also become larger when the value of water vapor content is over 3.5 2 gcm  . The greatest difference between estimation results by RM-NN and the MYD05_L2 product is labeled by using red at the junction with the sea in Fig. 8 . The estimation result is not good for either the MYD05_L2 product or the RM-NN, which is common knowledge because the value of water vapor content is gradual changed in the sky. The value of water vapor content is larger than above the sea and the land in Fig. 7 , but that is reversed in Fig. 8 . The main reason is that the reflectance at the junction with the sea is very different from the land and the sea, and the other reason is the influence of mixed pixels. The assumption of the ratio method does not meet with this condition. The training database in RM-NN does not include this condition because we do not have the reflectance spectral curve at the bank of the sea. In order to overcome the difficulty of measurement, we use the average value of water vapor content [ ( Fig. 8 , and read the values of the bands 2, 17, 18, and 19 from MODIS 1B data according to the latitude and longitude. We obtained 476 sets, which are used to make up for the training database. Figure 10 is the estimation result after training again by compensating for some training data sets. The spatial distribution at the bank of the sea in Fig. 10 is better than in Figs. 7 and 8, but the difference becomes larger when there are clouds in Figs. 10, 8 , and 7. These show that the outlandish spectral curve of some ground surface types will influence estimation accuracy. The estimation results indicate that the NN has powerful self-learning and is capable of suiting more conditions if we can obtain reliable measured data that can overcome the shortcomings of the conventional retrieval algorithm (ratio method) [2, 5] . It is very difficult to obtain the in situ ground truth measurement of water vapor content matching the pixel scale (1km × 1km at nadir) MODIS data at the satellite pass for validation of the algorithm. Generally speaking, water vapor content varies from point to point in the sky, and MODIS observes the ground at different angles, precisely locating the pixel of the measured ground in the MODIS data. The AERONET (Aerosol Robotic Network) program is a federation of ground-based remote-sensing aerosol networks established by NASA and PHOTONS (Univ. of Lille 1, CNES, and CNRS-INSU). AERONET collaboration provides globally distributed observations of spectral aerosol optical depth, inversion products, and precipitable water in diverse aerosol regimes (http://aeronet.gsfc.nasa.gov/). AERONET obtained 328 data sets of water vapor content in clear sky from 12 sites (such as in Table 3 ). We extract the MODIS pixels from the MODIS 1B data by using a program through longitude/latitude conditions. The comparison between estimation results by RM-NN and observation data is in Fig. 11 , and the mean and the standard deviation of estimation error are about 0.12 2 gcm  and 0.18 2 gcm  . We will make more analyses of the application, which will be reported in the future. On the other hand, another advantage of the RM-NN is that the estimation accuracy can be improved by offsetting some training data (like reliable measurement data). 
Conclusion
The shortcomings of conventional retrieval algorithms for retrieving water vapor content from MODIS data are discussed. The relationships are explored between the total atmospheric water vapor amount and different radiance ratios for MODIS bands 2, 5, 17, 18, and 19. The analysis indicates that the radiance transfer model (RM) neural network (NN) can be competent for accurately estimating water vapor content, because some potential information between geophysical parameters were fully used in previous algorithms.
We utilize MODTRAN4 to simulate data to train and test neural networks. The test results indicate that RM-NN is very robust. Accuracy is highest when the number of hidden layers is two and the number of hidden nodes is 800-800. Simulation data analysis indicates that the mean error of water vapor content is under 0. . The main purpose of this study proves that RM-NN is competent for estimating water vapor content. The incorporation of RM-NN to perform inversion is an important advancement in the remote sensing field and makes it possible to perform inversion with higher accuracy and more practicality. We will do further application analysis that will be reported in future and will make RM-NN more robust and suitable for more conditions.
